ABSTRACT
1.INTRODUCTION
Different solar cell models have been developed to describe the electrical behaviors of solar cells, but the electrical equivalent circuit is a convenient and common way in most simulation studies. The five parameters of interest in the equivalent circuit are the photo-current (Iph), series resistance (Rs), parallel resistance (Rp), diode saturation current (Is) and the ideality factor (A). The current-voltage (I-V) relationship of a solar cell is described by a mathematical equation that is both implicit and nonlinear. Therefore, determination of the parameters requires more computational efforts for each operating condition [1] [2] [3] [4] [5] [6] [7] . However, all of the circuit parameters depend on both irradiation and cell temperature. Every assumption forces the model to fall into error. In this study, the dependence of all the circuit parameters on cell temperature and irradiance are included by using the neural network for improving the accuracy of the PV module model. Blas et al. [4] present the use of analytical methods in determining the circuit parameters for the operation of a solar cell under conditions of high irradiance. Teng and Ping [1] present the determination of the circuit parameters from experimental data by using the Q-R decomposition technique based on the least square method.
An artificial neural network (ANN) is accepted as a technology offering an alternative way to solve complex problems. In the last decade, significant progresses have been made in neural network technology to expand the range of potential applications into different areas because of the black box functionality of neural. The neural network can provide very good mapping if trained correctly. This makes it a good choice for such a task. The neural network is utilized to predict the equivalent circuit parameters by only reading the samples of irradiation and temperature. A number of available experimental data are used for training the neural network, which employs a back propagation algorithm.The main objective of this paper is to investigate the applicability of the neural network based PV equivalent circuit model for improving the model accuracy and to show the necessity of including the variation of all the parameters with varying operating conditions.
GENERAL SOLAR CELL MODEL

Conventional one diode electrical Model
A general mathematical description of I-V output characteristics for a PV cell has been studied for over the past four decades [8] - [10] . Such an equivalent circuit-based model is mainly used for the MPPT technologies. The equivalent circuit of the general model which consists of a photo current, a diode, a parallel resistor expressing a leakage current, and a series resistor describing an internal resistance to the current flow, is shown in Fig. 1 . 
where I PH is a light-generated current or photocurrent, I S is the cell saturation of dark current, q (= 1.6 ×10 −19 C) is an electron charge, K (= 1.38 ×10 −23 J/K) is a Boltzmann's constant, T C is the cell's working temperature, A is an ideal factor, R SH is a shunt resistance, and R S is a series resistance. The photocurrent mainly depends on the solar insolation and cell's working temperature, which is described as
where I SC is the cell's short-circuit current at a 25°C and 1kW/m2, K I is the cell's short-circuit current temperature coefficient, T REF is the cell's reference temperature, and λ is the solar insolation in kW/m2. On the other hand, the cell's saturation current varies with the cell temperature, which is described as where I RS is the cell's reverse saturation current at a reference temperature and a solar radiation, E G is the bang-gap energy of the semiconductor used in the cell. The ideal factor A is dependent on PV technology [11] and is listed in Table I . An even more exact mathematical description of a solar cell, which is called the double exponential model which can be derived from the physical behavior of solar cell constructed from polycrystalline silicon. This model is composed of a light-generated current source, two diodes, a series resistance and a parallel resistance. However, there are some limitations to develop expressions for the V-I curve parameters subject to the implicit and nonlinear nature of the model. Therefore, this model is rarely used in the subsequent literatures and is not taken into consideration for the generalized PV model. The shunt resistance R SH is inversely related with shunt leakage current to the ground. In general, the PV efficiency is insensitive to variation in R SH and the shunt-leakage resistance can be assumed to approach infinity without leakage current to ground. On the other hand, a small variation in R S will significantly affect the PV output power. The above equation can be rewritten as follows
For an ideal PV cell, there is no series loss and no leakage to ground, i.e., R S = 0 and R SH = ∞ [13] - [14] .
The equation again can be simplified as
Solar Module and Array Model
Since a typical PV cell produces less than 2W at 0.5V approximately, the cells must be connected in series-parallel configuration on a module to produce enough high power. A PV array is a group of several PV modules which are electrically connected in series and parallel circuits to generate the required current and voltage. The equivalent circuit for the solar module arranged in
parallel and N S series is shown in Fig.2 . The terminal equation for the current and voltage of the array becomes as follows [15] - [18] .
In fact, the PV efficiency is sensitive to small change in R S but insensitive to variation in R SH . For a PV module or array, the series resistance becomes apparently important and the shunt down resistance approaches infinity which is assumed to be open. In most commercial PV products, PV cells are generally connected in series configuration to form a PV module in order to obtain adequate working voltage. PV modules are then arranged in series-parallel structure to achieve desired power output 
The most simplified model [13] , [19] of generalized PV module is depicted in Fig.2 . The equivalent circuit is described on the following equation
Determination of Model Parameters
All of the model parameters can be determined by examining the manufacturer's specifications of PV products. The most important parameters widely used for describing the cell electrical performance is the open-circuit voltage V OC and the short-circuit current I SC . The aforementioned equations are implicit and nonlinear; therefore, it is difficult to arrive at an analytical solution for a set of model parameters at a specific temperature and irradiance. Since normally I PH >> I S and ignoring the small diode and ground-leakage currents under zero-terminal voltage, the shortcircuit current ISC is approximately equal to the photocurrent I PH , i.e.,
SC PH I I =
On the other hand, the V OC parameter is obtained by assuming the output current is zero. Given the PV open-circuit voltage V OC at reference temperature and ignoring the shunt-leakage current, the reverse saturation current at reference temperature can be approximately obtained as
In addition, the maximum power can be expressed as
where Vmax and Imax are terminal voltage and output current of PV module at maximum power point (MPP), and FF is the cell fill factor which is a measure of cell quality.
Building of Generalized PV Model
A model of PV module with moderate complexity which includes the temperature independence of the photocurrent source, the saturation current of the diode, and a series resistance is considered based on the Shockley diode equation. It is important to build a generalized model suitable for all of the PV cell, module, and array, which is used to design and analyze a maximum power point tracker. Bing illuminated with radiation of sunlight, PV cell converts part of the photovoltaic potential directly into electricity with both I-V and P-V output characteristics. A generalized PV model is built using Matlab/Simulink [20] to illustrate and verify the nonlinear I-V and P-V output characteristics of PV module. The proposed model is implemented in MATLAB SIMULINK and shown in Figs. 3(a) and 3(b) . 
Simulation Results of PV Cell and Module
For a PV cell, N S = N P = 1. Both I-V and P-V output characteristics of conventional PV model for a cell are shown in Fig. 5 . The nonlinear nature of PV cell is apparent as shown in the figures, i.e., the output current and power of PV cell depend on the cell's terminal operating voltage and temperature, and solar insolation as well.
The Kotak KMOO60 60W PV module is taken for example. The key specifications are listed in Table 2 that with increase of working temperature, the short-circuit current of the PV module increases, whereas the maximum power output decreases. The increase in the short-circuit current is much less than the decrease in the open-circuit voltage, and the effect makes maximum power decreasing by about 0.45%/°C at high temperatures. On the other hand, from, we also observe that with increase of solar insolation, the short-circuit current and the maximum power output of the PV module increase as shown in Figs. 5(a) and 5(c). The reason is the open-circuit voltage is logarithmically dependent on the solar irradiance, yet the short-circuit current is directly proportional to the radiant intensity. Fig.4 show some input parametrs necessary for the simulink model. 
Fig.5(d)P-V output characteristics with different Tc
VARIATION OF ONE DIODE MODEL PARAMETERS
To characterize a PV module as a power source in studying its performance, it is very important to take into consideration the dependence of all the equivalent circuit parameters of the PV module on irradiation and cell temperature. The five equivalent circuit parameters can be determined using the available operating points on the I-V curve of the module. To be able to obtain the changes of the parameters over the whole range of operating conditions, Sandia's PV module electrical performance model [21] is used for generating the required five points on the I-V curve. Table 2 : Kotak KMOO60 60W Specification (1kW/m2, 25°C) Fig.6 The used five operating points on the I-V curve of PV module to solve the nonlinear implicit I-V equation for a single operating condition [21] These points are shown in Fig. 6 for one operating condition. These points are generated for 209 operating conditions between 15-65 o C and 100-1000 W/m2 to solve the five coupled implicit nonlinear equations for the Kotak KMOO60 60W PV module that consists of 36 series connected mono-crystalline silicon solar cells. Solving the nonlinear implicit system of equations involves finding a solution such that every equation in the nonlinear system is 0. That is, we have five equations and five unknowns for each operating condition and we want to find x ε R 5 such that F(x) = 0, where
Different optimization methods are tried for solving the system of equations. Numerical exercises seem to indicate that the trust region method [19] is considerably better than the others, so this method is used. In general, trust region methods are faster than gradient methods and guarantee stability regardless of the initial conditions. Good initial values are important for solving nonlinear system equations. An initial value that satisfies or closely satisfies many of the constraints reduces the work involved in finding a first feasible solution. The solution of the system equations showed that all the parameters depend on both irradiation and temperature. On the other hand, it is necessary to include the variation of the parameters properly if accurate and reliable performance estimation is required in simulation studies. Obviously, it is quite difficult to determine the parameters for each irradiation and temperature in running simulation studies or on line PV system applications. For this reason, all parameters are estimated by using the neural network.
ANN BASED PARAMETERS PREDICTION
The artificial neural network structure is one of the important factors that influence the learning performances of networks. It is a natural hope to employ as small structures as possible under the conditions that they meet the performance requirements. Experience has shown that using the smallest network that can learn the task is better for both practical and theoretical reasons. It is necessary for the proper interpretation of your figures. If you want reprints of your color article, the reprint order should be submitted promptly. Training a smaller network usually requires less computation because each iteration is computationally less expensive. Unfortunately, the structures of multilayer feed forward perceptron networks are mainly determined by experience, and there has not been found a valid formula that is suitable for the different situations [23] [24] [25] [26] . Architecture selection of ANN techniques can be divided into two categories. In the first category, a big network is selected, and the unnecessary nodes or connections are gradually eliminated [23] .
The second category begins with a small network and gradually adds nodes or connections as needed. In this study, to map the relationship between A, Is, Rs, Rp, Iph and the irradiation and cell temperature, the second category was used when an appropriate neural network size is selected. Finally, sufficient results were obtained for a three layer feed forward neural network (input, single hidden and output layers) as shown in Fig. 7 .The number of nodes in the input and the output layers are based on the input and output dimensions, respectively. The number of hidden layer nodes is determined empirically as we stated above. The 20 hidden nodes gave the most accurate estimation, and therefore, only the results of this case are given in the paper. Consequently, the input layer has 2 nodes, the hidden layer has 20 nodes and the output layer has 5 nodes (see Fig. 7 ). The input layer in this case consists of a two dimensional vector, irradiation and temperature, and the output vector is a five dimensional vector comprising A, Is, Rs, Rp and Iph. To reduce the computational effort, we take into consideration a small size network when we find an appropriate network size. This is very important during the testing phase of the network where fast responses are usually required. The outputs of the input layer nodes are weighted, summed, and passed through an activation function that acts as an amplitude limiting function. Three basic types of activation functions exist: threshold functions, piece wise linear function and sigmoid function [25] . The activation functions are used to limit or squash the input to the next neuron layer. The learning signal is a function of the error multiplied by the gradient of the activation function. For training, the activation function must be monotonically increasing from left to right, differentiable and smooth. In this study, all data are scaled to the range {_1; 1}, and a hyperbolic tangent sigmoid transfer function is used as the activation function of the single hidden layer [24] . A pure linear function was used as the activation function of the output layers of the neural network of Fig. 7 , similar to Ref. [28] . Using a linear function in the output node of the neural network reduces the resulting computations. The relations between the inputs and outputs are given as follows: The input vector x = [irradiation, cell temperature] is applied to the input layer of the network as shown in Fig. 7 . The net input of the jth hidden unit is The learning stage of the network is performed by updating the weights and biases using a back propagation algorithm with the Levenberg-Marquardt optimization method (see e.g. [29] ) in order to minimize the sum of squared differences between the network targets and actual outputs for a given input vector. In order to avoid the network losing its generalization ability, training was stopped when the error on the test set was beginning to rise considerably (roughly after about 1000 training epochs). As can be seen clearly in Fig.9 , the ANN can be used to identify the PV model parameters excellently. The basic configuration of the proposed PV model is summarized in Fig. 8 . It is composed of a two stage process. Firstly, a neural network is used to predict the five parameters by reading only the samples of irradiation and temperature. Secondly, these parameters are put into the one diode electrical equivalent circuit model. The comparative result is shown in Fig.9 .It is observed that the proposed model for a solar cell model significantly decreases the error in simulation studies and also offers a compact solution to include the dependence of the equivalent circuit parameters on solar irradiation and cell temperature. The proposed model I-V data closely overlap with that of actual experimental measured data indicating the more accuracy of this ANN based model than conventional one.
CONCLUSIONS
This work studies the implementation of artificial neural networks to PV module modeling and analysis of their electrical parameters. The accuracy and generalization of the proposed model is validated by comparing test results with actual data from commercial module. In the conventional PV model, the dependency on solar irradiation and cell temperature of all the model parameters are not included, so the accuracy and the reliability of performance estimation cannot be sufficient for all operating conditions. This paper accepts irradiance and temperature as variable parameters for all the parameters of the PV module equivalent circuit model. They are predicted by reading only samples of radiation and temperature by using an artificial neural network. After that, these parameters are presented to the current-voltage equation of the PV module to obtain the electrical characteristics. The trained network is sufficiently accurate in representing the variation of the parameters when compared with other methods. The proposed model can be used for any type of PV module design, simulation and application in various energy studies.
